Econometric analyses of the rare disaster hypothesis are scarce, and the assumption that disasters shrink to one-period events is under suspicion of being the driving force of support for this hypothesis in extant calibrations. This study proposes a novel empirical strategy to estimate and test an asset pricing model that accounts for multi-period disasters, partial government defaults, and recursive investor preferences. The estimates of the coefficient of relative risk aversion, rate of time preference and intertemporal elasticity of substitution are economically reasonable, rather precise, and robust with respect to alternative model specifications. Moreover, the model-implied equity premium, mean T-bill return, and market Sharpe ratio are plausible and consistent with the empirical data. The empirical results affirm that the rare disaster hypothesis helps restore the nexus between the real economy and financial markets that is implied by the consumption-based asset pricing paradigm. We stress the importance of disentangling risk and intertemporal substitution preferences when allowing for multi-period disasters.
Introduction
According to the rare disaster hypothesis (RDH; Rietz (1988) ), the extraordinary mean excess returns of U.S. equity portfolios observed during the postwar period resulted because investors ex ante demanded compensation for possibly disastrous but very unlikely risks that they never actually suffered from ex post. The Cold War imposed an ever-present threat of nuclear disaster for several decades, so a sample selection effect appears plausible. The positive path that per capita consumption followed after World War II could not have been taken as given by an investor in 1945.
In turn, the RDH can help explain the equity premium puzzle and poor empirical performance of Hansen and Singleton's (1982) canonical consumption-based asset pricing model (C-CAPM) and its recent variants. The appeal of the RDH is its straightforwardness, but its weakness is that the hypothesis is difficult to refute using data that do not contain disastrous consumption contractions, such as those from U.S. postwar samples. Several studies use calibrations to illustrate that accounting for disaster risk can reconcile high equity premia with plausible investor preferences.
However, econometric studies that test the RDH with empirical data are scarce.
With this study, I propose a novel empirical strategy to resolve the inherent sample selection problem and to estimate and test an asset pricing model with recursive investor preferences that accounts for the possibility of rare and severe consumption contractions and partial government defaults. The moment restrictions implied by such a disaster-including C-CAPM are used for a simulation-based estimation of its structural parameters. By allowing for multi-period disasters, which are modeled as a marked point process (MPP), I can address the caveat that the success of the RDH may hinge on the assumption that a consumption disaster must unfold within a single period. The econometric analysis comprises two consecutive steps: maximum likelihood to estimate the MPP parameters using cross-country consumption data, and then a simulation-based estimation of the investor preference parameters based on U.S. macro and financial data. A bootstrap procedure gauges the estimation precision. To the best of my knowledge, this is the first study to estimate and test a C-CAPM that accounts for the possibility of multi-period disasters and partial government defaults.
The empirical analysis shows that the estimates of the investor preference parameters -relative risk aversion (RRA), the intertemporal elasticity of substitution (IES), and the subjective discount factor -fall within a range that is economically meaningful, and they feature narrow bootstrap confidence bounds. Specifically, the estimates of the subjective discount factor are smaller than but close to unity, as would be expected of an investor with a reasonable positive rate of time preference. The RRA coefficient estimates range between 1.5 and 1.7; generally, RRA values <10 describe a reasonably risk averse investor (e.g., Mehra and Prescott (1985) , Rietz (1988) , Bansal and Yaron (2004) ). Cochrane (2005) caps the interval of sensible relative risk aversion more strictly at 5, in line with results reported by Meyer and Meyer (2005) .
For the present study, the 95% confidence interval for the RRA estimate also lies within this strict plausibility range. In addition, the IES estimates are (significantly) greater than unity and of a magnitude that is frequently assumed for calibrations.
Moreover, the estimated RRA coefficient is (significantly) greater than the reciprocal of the IES estimate, which provides evidence that investors prefer early resolution of uncertainty. Several studies emphasize that an IES greater than 1, combined with a preference for early resolution of uncertainty, is necessary to obtain meaningful asset pricing implications from a C-CAPM (e.g., Bansal and Yaron (2004) , Barro (2009) , Nakamura et al. (2013) ). Accordingly, the model-implied key financial indicators -mean market return, Tbill return, equity premium, and market Sharpe ratio -exhibit meaningful magnitudes and are consistent with the empirically observed counterparts. These findings are robust with respect to alternative model specifications (e.g., first-step model, disaster definition, data simulation procedures). Compared with other prominent attempts to vindicate the C-CAPM paradigm, these results are encouraging. Empirical asset pricing studies often find implausible or imprecise parameter estimates that entail doubtful asset pricing implications, calling into question the explanatory power of the C-CAPM paradigm. The present results indicate instead that accounting for rare disasters in a consumption-based asset pricing framework helps restore the nexus between financial markets and the real economy.
The growing RDH literature, to which this paper contributes, has benefited greatly from Barro's (2006 Barro's ( , 2009 work, which largely revived interest in the RDH. 1 For example, Wachter (2013) modifies Barro's (2006) model with recursive preferences and adds time-varying disaster probabilities to show that the RDH qualifies as a possible solution to the volatility puzzle. Barro and Ursúa (2008) assemble annual consumption and GDP data to study the size and frequency of disasters. As used by Barro and Jin (2011) , these data also enable the authors to fit power law densities to the empirical distribution of macroeconomic disasters. The first-step estimation strategy used herein builds on that idea.
With an alternative approach, Backus et al. (2011) obtain the distribution of disastrous contractions from equity index options, and Gabaix (2012) proposes a model with changing disaster severity to solve ten puzzles in finance. Gourio (2012) considers time-varying disaster risk in a business cycle model; Martin (2013) shows that changes in the calibration of the disaster probability and average contraction size have substantial effects on the equity premium. By exposing corporate debt to time-varying tail risks, Gourio (2013) is able to replicate important features of credit spreads. Nakamura et al. (2013) also consider a multi-period disaster process using Bayesian analysis. Assuming recursive preferences, they show that, when calibrated with plausible time preference and IES, the equity premium can be explained with a plausible RRA. The frequentist approach adopted for the present study complements and extends their Bayesian analysis.
Moreover, the RDH continues to spur academic research. Bai et al. (2015) find that rare disasters can explain the value premium puzzle, and Seo and Wachter (2015) show that stochastic disaster probabilities help reconcile the volatility skew with the equity premium. In Gillman et al.'s (2015) model, disasters affect the growth persistence of consumption and dividends, thereby matching a variety of pricing phenomena in the equity and bond market. Farhi and Gabaix (2016) describe how a model that uses a time-varying probability of world disasters can shed light on various exchange rate puzzles. With a model that includes rare booms and disasters, Tsai and Wachter (2016) explain the empirical finding that growth stocks have lower returns than value stocks and are simultaneously riskier. Barro and Jin (2016) extend Nakamura et al.'s (2013) model by combining rare disasters with long-run risks; the rare disaster component accounts for the largest part of the equity premium. Grammig and Sönksen (2016) also propose a simulated method of moments estimation strategy for a disaster-including power utility C-CAPM, but as in Barro (2006) , disasters are assumed to shrink to one-period contractions. This assumption seemingly could be the driving force behind the success of the RDH, as argued by Julliard and Ghosh (2012) and reflected in Constantinides' (2008) comment on Barro and Ursúa (2008) . When they allow for multi-period disasters and model investor preferences by a power utility function, Julliard and Gosh conclude that to rationalize the equity premium puzzle with the help of the RDH, the puzzle itself must be a rare event. Their results thus seem to attenuate the appeal of the RDH.
The present study re-emphasizes the explanatory power of the RDH by showing that the equity premium can be explained with plausible preference parameters and assumptions regarding the disaster process. However, it is important to assume Epstein-Zin preferences instead of an additive power utility. As some related literature implies, it is crucial to allow for a preference for early resolution of uncertainty, and the IES and RRA both must be greater than unity. Accounting for the possibility of multi-period disasters and partial government default in an empirical C-CAPM yields conforming RRA and IES estimates and thus meaningful asset pricing implications.
The remainder of this paper is structured as follows: Section 2 details the motivation for a multi-period disaster-including C-CAPM with recursive preferences and derives moment restrictions that provide the basis for the simulated method of moments-type estimation strategy. It also introduces a marked point process to explain the size and duration of and between disaster events. Section 3 contains the macroeconomic and financial data used in this study, and Section 4 describes the two-step estimation strategy. After a discussion of the estimation results and robustness tests in Section 5, Section 6 concludes.
2 Multi-period disasters in a C-CAPM
Asset pricing implications and moment restrictions
To formulate an empirically estimable asset pricing model that accounts for the possibility of multi-period disasters, I follow Barro (2006) and assume that consumption growth evolves as
where
, and e u t+1 describes consumption growth in non-disastrous times. The term ln(1 − b t+1 ) comes into force only if the respective period is affected by a disaster, that is, if the binary disaster indicator d t+1 equals 1. In this case, the non-disastrous consumption growth component shrinks by the contraction factor b t+1 . Time is discrete, and the observation frequency is fixed (e.g., quarterly). In Barro's (2006) one-period disaster model, b t+1 ∈ [q, 1], where q denotes the disaster threshold that differentiates regular bad times from disasters.
The definition of the contraction factor b t+1 must be adapted when accounting for multi-period disasters. Here, a disaster is defined as a succession of contractions that starts in period s 1 and lasts until period s 2 , where
In words, I refer to a disaster event as a severe decline in consumption at least of size q. The decline may accrue over multiple disaster periods or come in the form of one sharp contraction. Disaster periods are indicated by d t = 1 and associated with a contraction factor b t ∈ (0, 1]. If d t = 1, asset returns will also contract. Adopting Barro's (2006) specification for returns on treasury bills, I assume, analogous to Equation 2.1, that for a gross return of an asset R i :
where R i,nd denotes the asset's gross return in non-disastrous periods, andb i is the return equivalent of the consumption contraction factor b.
A representative investor, who faces these consumption risks, has recursive preferences; as Epstein and Zin (1989) show, the basic asset pricing equations for a gross return R i and an excess return R e i = R i − R j , respectively, are then given by:
where the stochastic discount factor (SDF) reads:
In Equation (2.5), β denotes the subjective discount factor, ψ is the IES, and γ represents the coefficient of relative risk aversion; R a is the return on aggregate wealth.
By conditioning down the basic asset pricing equation for a gross return, applying the law of total expectations, and using the consumption growth and return specifications from Equations (2.1) and (2.3), we can write:
where p = P(d t = 1) is the unconditional disaster probability, and
Rearranging terms in Equation (2.6) yields the following moment restriction:
(2.7)
The corresponding moment restriction for an excess return R e i reads:
and R e i,nd = R i,nd − R j,nd . Equations (2.7) and (2.8) are of particular interest, because they suggest how theoretical moments that can be approximated using the available non-disastrous data (left-hand sides) can be disentangled from expressions that rely on information about disasters (right-hand sides). In particular, using consumption growth and return data that do not include disasters, we can approximate the left-hand side of Equation (2.7) as follows:
where cg nd,t denotes observable, non-disastrous consumption growth. Similarly,
Because U.S. postwar data do not incorporate any disasters, attempting to approximate the right-hand side moments in Equations (2.7) and (2.8) using sample means of the available data would be futile. However, if it were possible to simulate consumption and return processes that account for the possibility of rare disasters, we could consider an approximation by simulated moments, such as: of population moments by sample means, provided that a uniform law of large numbers holds. In the same spirit by which Singleton motivates the simulated method of moments (SMM), "more fully specified models allow experimentation with alternative formulations of economies and, perhaps, analysis of processes that are more representative of history for which data are not readily available" (Singleton, 2006, p. 254) , the simulation should produce consumption and return data that are representative of history, assuming the RDH is true.
Equations (2.11) and (2.12) provide the basis for the SMM-type estimation of the preference parameters β, γ, and ψ. Before explaining the details of the estimation strategy, it is necessary to specify the stochastic process that generates the disastrous consumption contractions.
2.2 Multi-period disasters as a marked point process framework to model the duration between disaster periods. Initially, this approach would set a threshold q to define a disaster event and thereby establish the respective disaster periods and their contraction sizes. Suppose that the sequence of consumption disaster events thus defined is observable at a quarterly frequency. Let M (t) denote the number of disasters that occurred as of quarter t and let N (t) refer to the respective number of disaster periods. The probability of quarter t being a disaster period, conditional on the information available in t − 1, is the discrete-time hazard rate,
Hamilton and Jorda's (2002) ACH framework also allows for flexible parametrization of the hazard rate in Equation (2.13). In a parsimonious specification, the hazard rate depends on just two parameters, µ andμ: (2.14) where d + t is a binary indicator, such that 
More extensive parametrization of the hazard rate is possible too. For example, I could include the time durations of and between previous disaster events, the aggregate size of the previous disaster, and the size of the contraction of the last disaster period to explain the hazard rate: 16) where τ m denotes the duration, measured in quarters, between the mth and (m + 1)th disaster, andτ m denotes the number of quarters that the mth disaster lasted.
Furthermore, b n is the contraction size of the nth disaster period, and b + m is the aggregate size of the mth disaster. For the empirical analysis, I consider several special cases of Equation (2.16). For example, the hazard rate specification in Equation (2.14) emerges when α = δ =α =δ = 0.
To model disaster size, I adopt an idea from Barro and Jin (2011) and employ a power law distribution (PL) to describe the transformed contraction size z c = 1 1−b . 2 I assume that contractions that contribute to reaching the disaster threshold q (when d t = 1 and d + t = 1) follow a different PL distribution than those that add to a disaster after q was reached (when d t = 1, but d
The joint conditional probability density function of the resulting marked point process, which I refer to as an ACH-PL model, can be written as:
where θ ACH contains the ACH parameters, f P L denotes the power law density, and θ + P L and θ P L are the power law tail coefficients that describe the size of the contractions that contribute to reaching the disaster threshold and the size of contractions to add on top of q, respectively. The probability density function in Equation (2.17) is an essential ingredient for the estimation strategy, which entails drawing from that distribution to simulate disaster-including consumption data.
Data
The empirical analysis of the disaster-including C-CAPM relies on two data sources, which I use in two consecutive estimation steps. The estimation of the ACH-PL parameters relies on annual cross-country panel data about consumption that Barro and Ursúa (2008) assembled for 42 countries and that feature prominently in prior rare disaster literature. 3 From these data, I select the same 35 countries 2 Specifically, Barro and Jin (2011) , who implicitly assume single-period disasters, use a double power law distribution that consists of two power law distributions that morph into each other at a certain threshold value. It turns out that the flexibility of the double power law distribution is not required when modeling multi-period disasters. 3 These data are available at http://scholar.harvard.edu/barro/publications/barro-ursuamacroeconomic-data, accessed 04/24/2015. 11 that Barro (2006) To detect disaster events in these data, I rely on Barro's (2006) identification scheme, which implies that any sequence of downturns in consumption growth greater than or equal to q = 0.145 qualifies as a disaster. The same disaster threshold is used by Barro (2009) and Barro and Jin (2011) . A disaster may pan out over multiple periods or occur as one sharp contraction. Positive intermezzos of consumption growth within a disaster are allowed if (1) this positive growth is smaller in absolute value than the negative growth in the following year and (2) [insert Figure 1 here] As previously mentioned, I assume that the ACH-PL process is observable at a quarterly frequency. However, Barro and Ursúa's (2008) and NASDAQ traded stocks (mkt); (2) ten size-sorted portfolios (size dec); and (3) ten industry portfolios (industry). All portfolios are value-weighted. The gross return of the CRSP market portfolio serves as the proxy for R a . 6 Nominal monthly returns are converted to real returns at a quarterly frequency, using the growth of the consumer price index of all urban consumers. 7 In line with Beeler and Campbell (2012) , I approximate the ex ante non-disastrous T-bill return R b,nd (i.e., the "risk-free rate" proxy) by forecasting ex post R b,nd on the basis of the quarterly T-bill yield and the average of quarterly log inflation across the past year. The three-month nominal T-bill yield comes from the CRSP database. Table 2 contains the descriptive statistics for these data.
[insert Table 2 about here] 4 Estimation strategy
ACH-PL maximum likelihood estimation
The parameter estimation of the disaster-including C-CAPM involves two consecutive steps. I first compute maximum likelihood estimates of the ACH-PL parameters θ ACH , θ + P L , and θ P L . Using these estimates, it is possible to simulate disaster-including data, 5 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data Library/f-f factors.html, accessed 03/09/2016. Due to the frequent changes in the underlying CRSP data, newer or older downloads may results in different series. 6 The approximation of the return of the wealth portfolio by the return of the portfolio of financial assets is also employed by Weber (2000), Stock and Wright (2000) , and Yogo (2006) . Thimme and Völkert (2015) offer a critique of this approach, arguing that a large fraction of the wealth portfolio is comprised of non-financial wealth. They propose an alternative proxy based on Lettau and Ludvigson's (2001) which are required for the simulation-based estimation of the preference parameters β, γ, and ψ in the second stage. Consider the maximum likelihood estimation step. Equation (2.17) implies the following conditional ACH-PL log likelihood function:
The parameters in Equation (4.1) are variation-free, so it is possible to perform the estimation ofθ ACH , θ + P L , and θ P L separately. In particular, the maximization of
yieldsθ ACH , whereas estimates of θ
To perform the maximization of the log-likelihood function in Equation Counting the number of quarters between disaster events gives τ m , which equals the time duration between the mth and (m + 1)th disaster. Moreover,τ m is obtained by counting the number of quarters over which the respective disaster lasted. These data are needed to compute the hazard rate in Equation (2.16)
The maximum likelihood estimation of the ACH parameters θ ACH is then performed on the concatenated country-specific event time data series. During the maximization of the log-likelihood function in Equation (4.2), the disaster event and period counters M (t) and N (t) are reset to zero whenever a country change occurs in the concatenated data. If the hazard rate specification in Equation (2.16) is used, τ 0 must be re-initialized to the average duration between disasters (179.7 quarters), τ 0 is reset to equal the average disaster length (13.1 quarters), and b + 0 is reset to equal the average contraction size (0.268). These values are also the initial values for the maximum likelihood estimation. They correspond to q = 0.145; different disaster thresholds use different initial values. The re-initialization procedure is adopted from Engle and Russell (1998) . 8
Financial moment restrictions and data simulation
An SMM-type estimation of the preference parameters entails exploiting the moment restrictions in Equations (2.7) and (2.8). In particular, I rely on matching between empirical and simulated moments, as is implied by the moment restriction in Equation (2.7), that uses the sample moments in Equations (2.9) and (2.11). Applied to the
where ϑ = (β, γ, ψ) ′ . Similarly, I exploit the moment restriction in Equation (2.8) applied to an excess return R e i = R i − R b , which suggests the following matching of empirical and simulated moments:
Combining Equation (4.4) with Equation (4.5), and applied to the excess returns of N test assets, I obtain:
Choosing N ≥ 2, SMM-type estimation of the preference parameters can then be attempted by:
where Θ denotes the admissible parameter space and W is a symmetric and positive semi-definite weighting matrix.
To evaluate G(ϑ) within such an optimization, it is necessary to compute the moments of simulated disaster-including data. For that purpose, I use the firststep ACH-PL estimatesθ ACH ,θ + P L , andθ P L and simulate a series of hazard rates .
I obtain simulated series of non-disastrous consumption growth and returns,
by block-bootstrapping from the non-disastrous U.S.
postwar data. For that purpose, I rely on the automatic block-length selection procedure proposed by Politis and White (2004) and corrected by Politis et al. (2009), in combination with the stationary bootstrap of Politis and Romano (1994) , in which the respective block-length gets drawn from a geometric distribution. The draws from the consumption and return data are simultaneous, to retain the contemporaneous covariance structure.
Because the cross-country consumption panel data collected by Barro and Ursúa (2008) do not include information on asset prices, further assumptions are needed to simulate disaster returns. In particular, I assume that the transformed contractions
where 9) and write their joint cumulative distribution function (cdf) using a copula function that links the two marginal distributions:
The vector θ C collects the coefficients that determine the dependence of z c and z R . Using the Gaussian copula C G , these dependencies can be measured by a single parameter, the copula correlation ρ. Equation (4.10) then becomes:
. I consider three choices for the copula correlation. First, ρ i may be estimated by the empirical correlation between non-disastrous consumption growth and gross return. Second, I consider the extreme case that ρ = 0.99, motivated by the finding that the correlations between financial returns increase in the tails of their joint 9 The asset index i is omitted for brevity.
distribution (see Longin and Solnik (2001) ). Third, I address the case when ρ = 0, which implies drawing b s andb s independently from the same distribution.
Drawing b s andb s in case of d s =1 proceeds as follows: I draw y c,s and y R,s from a bivariate standard normal distribution with correlation ρ, then compute u c,s = Φ(y c,s ) and u R,s = Φ(y R,s ), where Φ denotes the standard normal cdf. Consumption growth and return contraction factors then can be obtained by
In this case, F Thimme (2017) points out that a joint estimation of the investor preference parameters that relies exclusively on moment restrictions obtained from conditioning down the basic asset pricing equations in (2.4) yields rather imprecise estimates of the IES. Although the moment restrictions used in the present paper account for the possibility of disasters, they still conform to the basic asset pricing equation with an Epstein-Zin SDF, and the caveat applies. I therefore find it useful to identify and estimate the IES separately from β and γ, and through moment restrictions that can be derived from a (second-order) log-linearization of the Euler Equation (2.4) with the SDF in Equation (2.5). Yogo (2004) shows that this procedure leads to the following regression equation
Identifying the IES
14)
where r i,t+1 = ln R i,t+1 , and ∆c t+1 = ln C t+1 − ln C t . In addition, µ i is a constant, and η i,t+1 is a zero mean disturbance term. The derivation implies that η i,t+1 is correlated with ∆c t+1 , such that a linear projection of r i,t+1 on ∆c t+1 and a constant would not identify the IES. Instead, the IES is identified according to the orthogonality conditions,
where z t consists of variables known at t (instrumental variables), which are correlated with ∆c t+1 . 10 I adopt the instrumental variables approach to estimate the IES and use the log T-bill return r b,t+1 = ln R b,t+1 in Equation (4.14), the twice-lagged log T-bill return,
10 Estimation of the IES by GMM or two-stage least squares based on Equation (4.14) (or its reciprocal) and the moment restrictions in Equation (4.15) began with Hansen and Singleton (1983) , was surveyed by Campbell (2003) , and is critically discussed by Yogo (2004) .
log consumption growth, and a constant as instruments. The estimation is performed on the simulated disaster-including data. Using a linear GMM with an identity weighting matrix, the IES estimateψ must fulfill the first-order conditions: 16) which reflect Hansen's (1982) 
The estimation of the IES is appropriate when performed separately from that of the subjective discount factor and the RRA coefficient, which are estimated using Equation (4.7) withψ held fixed, but it also is possible to augment Equation (4.6) with the IES-identifying moment matches of Equation (4.16) to obtain: 
Choosing W such that a large weight is placed on the last two moment matches in Equation (4.17) ensures that the IES will be identified by Equation (4.16). In particular, I use
Because of the two-step approach, standard inference is not available for the secondstep estimates, though I could rely on asymptotic maximum likelihood inference about the first-step ACH-PL estimates. Therefore, I combine a parametric and non-parametric bootstrap to obtain the standard errors and confidence intervals of the preference parameter estimates. The bootstrap procedure is detailed in Section A.2 of the Appendix.
5 Empirical results Table 3 reports the maximum likelihood estimates of the ACH-PL parameters and the Akaike (AIC) and Schwarz-Bayes (SBC) information criteria for various ACH specifications that emerge as special cases of the hazard rate specification in Equation (2.16). The most comprehensive alternative, referred to as ACH 1 , estimates all parameters in Equation (2.16). The most parsimonious parametrization, referred to as ACH 0 , corresponds to the hazard rate in Equation (2.14), such that only the baseline hazard parameters µ andμ are estimated (while δ =δ = α =α = 0). The ACH 2 specification allows (only) for an effect of the durations between disasters and the disaster length on the hazard rate (while δ =δ = 0), and the ACH 3 allows (only) the magnitude of the previous disaster and the size of the contraction of the previous disaster period to affect the hazard rate (while α =α = 0). In the ACH 4 specification, the aggregate size of the previous disaster has an effect on the hazard rate, but the contraction of the previous disaster period does not (i.e.,δ = α =α = 0).
First-step estimation results
[insert Table 3 about here] Table 3 shows that the AIC favors the ACH 4 , but the SBC prefers the ACH 0 , for which the baseline hazard parameter estimatesμ andμ are highly significant. The estimates ofμ and δ in the ACH 4 specification are significant at the 5% level, but the baseline hazard parameter µ is reduced in size and significance. Moreover, the likelihood-ratio statistics reported in Table 3 indicate that the constraints implied by the SBC-preferred ACH 0 , at the 1% significance level, are only rejected in the case of the AIC-preferred ACH 4 . Therefore, the subsequent analysis is confined to ACH 0 and ACH 4 .
I obtain maximum likelihood estimates of the ACH 0 parameters equal toμ = 178.3 andμ = 1.2. These estimates imply a probability of entering a disaster from a nondisaster period of about 0.56%, and a probability of remaining in a disaster that is equal to 83%. Because I use these estimates as a foundation for the second estimation step, it is prudent to check their economic plausibility in advance. Accordingly, I
use the ACH 0 and ACH 4 estimates to simulate disaster-including consumption time series with a number of observations that corresponds to the sample period, 1947:Q2-2014:Q4. The simulation is repeated 10k times, and I count the number of replications for which no disastrous consumption contraction occurs. The ACH 0 specification yields 21.9%, the ACH 4 14.1% disaster-free replications. The estimated disasterincluding consumption process thus implies that U.S. postwar history represents a lucky but not unlikely path, and the model-implied disaster probabilities are not implausibly large.
[insert Figure 2 about here] Figure 2 depicts the cdf of the power law distribution and the empirical cdf of quarterly contractions. Figure 2a uses the estimateθ + P L and illustrates the fit for contractions that contribute to reaching the disaster threshold; Figure 2b usesθ P L and refers to contractions that add on top of the disaster threshold. In both cases, the fit is quite good. Table 4 reports the second-step estimation results based on the SBC-preferred ACH 0 -PL and the AIC-preferred ACH 4 -PL first-step estimates. The estimation uses different sets of test assets and copula correlation coefficients. It is based on the moment matches in Equation (4.17), using the weighting matrix in Equation (4.19), and T =10 7 . The table contains the point estimates of the preference parameters β, γ, and ψ and their bootstrap standard errors, as well as the associated 95% confidence bounds. These bounds are computed using the percentile method, meaning that they accord with the 0.025 and 0.975 quantiles of the respective bootstrap distribution. 11
Second-step estimation results
Furthermore, the Table 4 shows the p-values of Hansen's (1982) J-statistic,
where + denotes the Moore-Penrose inverse, which is approximately χ 2 (N + 1) under the null hypothesis that the financial moment restrictions are correct. The root mean 11 More formally, for a parameter ϑ, the α-quantile is computed asĜ
squared errors (RMSEs; reported in Table 4 ) are computed as
When using only the market portfolio and the T-bill return as test assets, the number of moment restrictions is equal to the number of estimated parameters, so empirical and simulated moments are perfectly matched. 12
[insert Table 4 about here] Table 4 shows that all variants for estimating a disaster-including C-CAPM yield economically plausible estimates for the preference parameters. The subjective discount factor estimates are smaller but close to 1, as would be expected of an investor with a plausible positive rate of time preference. The estimates of the subjective discount factor range between 0.9915 and 0.9948. The RRA estimates are between 1.50 and 1.65, well within the plausibility interval mentioned by Cochrane (2005) . The estimated IES is larger than 1, ranging between 1.50 and 1.68. The inverse of the estimated IES is always smaller than the RRA estimate, which indicates a preference for an early resolution of uncertainty. Previous literature has pointed out that the inequality γ > 1 ψ is crucial for obtaining meaningful asset pricing implications (as detailed subsequently). 13
The choice of the test assets, the copula correlation, and the first-step ACH-PL specification exert only minor effects on the size of the preference parameter estimates. The IES estimates based on ACH 4 -PL are slightly bigger than those implied by ACH 0 -PL. Using only the market portfolio and the T-bill return as test 12 In this case, the RMSE is 0, and R and the J-statistic are not reported. 13 It is worth noting that the estimation of ψ by reversing the regression in Equation (4.14) also yields an IES estimate greater than 1. As noted by Yogo (2004) , such robustness cannot be expected when disaster-free data are used for IES estimation.
assets, the RRA coefficient and IES estimates tend to be a bit smaller than the estimates based on industry and size-sorted portfolios. Using the ACH 0 -PL first-step estimates yields a slightly smaller RMSE than using the ACH 4 -PL estimates.
In all instances, the estimation precision is more than satisfactory, as indicated by the small bootstrap standard errors and the narrow confidence bounds. It is noteworthy that the confidence bounds for the RRA estimates also fall within the stricter plausibility range, and the lower bound of the 95% confidence interval for the IES is above unity too. Regarding the subjective discount factor estimateβ, the upper confidence bound is sometimes larger than 1, but given that quarterly time preferences should to be very close to 1, this finding is not surprising. The p-values of the J-statistic indicate that the disaster-including C-CAPM cannot be rejected at conventional significance levels.
Compared with other prominent studies that assess empirical support for the C-CAPM paradigm, these results are certainly encouraging. Julliard and Parker (2005) , for example, aggregate consumption over multiple periods and obtain an RRA estimate of plausible magnitude (γ=9.1) but only moderate estimation precision (s.e.=17.2). By measuring consumption with waste, Savov (2011) obtains an RRA estimate ofγ=17.0 with a rather large standard error (s.e.=9.0). In both studies, the subjective discount factor is calibrated, with an assumption of additive power utility (such that γ = 1 ψ). Yogo (2006) 
Asset pricing implications
When assessing whether an empirical C-CAPM implies meaningful asset pricing implications, the magnitude and relative size of the subjective discount factor, relative risk aversion, and the IES all play important roles. The relative size of the RRA coefficient and the IES reflected in the parameter θ =
, which shows up in the Epstein-Zin SDF in Equation (2.5), is particularly important. If γ = 1 ψ , then θ = 1, the investor is indifferent to an early or late resolution of uncertainty, and the case of standard expected utility obtains. If γ > 1 ψ , the agent has a preference for an early resolution of uncertainty, which is intuitively appealing, unless we were to resort to behavioral explanations (e.g. hope, fear).
The C-CAPM literature, and in particular the branch concerned with long-run risk, argues that an IES greater than unity combined with a preference for early resolution of uncertainty are necessary to explain the key features of asset prices (e.g., Bansal and Yaron (2004) ; Huang and Shaliastovich (2015) ). When risk aversion is greater than unity, θ should be negative. 14 Therefore, calibration studies tend to combine moderate risk aversion with an IES>1 to illustrate the explanatory power of the asset pricing model (e.g. Bansal and Yaron (2004) assume γ=10 and ψ=1.5), yet none of the previously cited empirical C-CAPM studies reports conforming RRA and IES estimates. Rather, the IES point estimate in most empirical studies is smaller than 1 (see the meta-analysis by Havránek (2015) ; survey by Thimme (2017) ). Table 5 reports the ACH 0 -PL-based, model-implied estimates of θ. We observe that for the alternative sets of test assets and choices of the copula correlation,θ is always negative. Moreover, the confidence bounds reveal that the hypothesis that θ > 0 can be rejected at conventional significance levels, so there is empirical evidence for early resolution of uncertainty, along with an IES greater than 1. According to the previous reasoning, the empirical disaster-including C-CAPM thus should yield meaningful asset pricing implications. I test whether the model-implied mean market portfolio and T-bill return, the equity premium, and the market Sharpe ratio are economically plausible. To estimate the model-implied mean T-bill return and mean market return, I approximate the population moments by averaging over the T simulated observations, such that
where m(β,γ,ψ) is the Epstein-Zin SDF in Equation (2.5) evaluated according to the parameter estimates presented in Table 4 , and cov T (x, y) = E T (xy) − E T (x)E T (y).
The model-implied equity premium can be estimated byÊ(R a ) −Ê(R b ), and the model-implied Sharpe ratio byÊ
Performing the computation for each of the bootstrap replications accounts for parameter estimation uncertainty. [insert Table 5 about here] Table 5 shows that the magnitude of the model-implied equity premium, mean T-bill return, and the market Sharpe ratio are perfectly plausible and comparable to their sample equivalents. This finding is robust with respect to the choice of the copula correlation coefficient and the set of test assets. The model-impliedÊ(R b ) and E(R a ) are somewhat smaller than the average T-bill return and the market return in the empirical data, because the model-implied indicators account for the possibility of consumption disasters that affect the simulated moments, whereas the empirical data do not contain any disaster observation. However, the observed mean T-bill, mean market return, and equity premium lie within the 95% confidence interval bounds, which account for the first-and second-step estimation error.
When using only the market portfolio and the T-bill as test assets, the model is exactly identified, which seemingly could drive the favorable results. However, exact identification does not imply that the empirical mean market return and mean T-bill return must be matched by their model-implied counterparts. When using the size dec or industry portfolios, the market portfolio is not even among the set of test assets. These specifications serve as an out-of-sample plausibility test. In these instances,Ê(R a ) and the model-implied equity premium are still perfectly plausible and comparable to their empirical counterparts. In all instances, the confidence intervals overlap the empirically observed values.
The meaningful asset pricing implications of the estimated disaster-including C-CAPM show that the model can explain the considerable postwar equity premium and the relatively low T-bill return with plausible investor preferences. Unlike in previous studies of the rare disaster hypothesis, risk aversion, time preferences, and IES are not calibrated, i.e. conveniently chosen, but rather are obtained from the application of an econometric estimation strategy. These results thus provide new empirical evidence that the rare disaster hypothesis offers a solution to the equity premium puzzle.
Robustness checks
As robustness check, I perform bias corrections on the parameter estimates and confidence bounds, and report the results in Table 6 . Following Efron and Tibshirani (1986) , I compute bias-corrected estimates of a parameter ϑ asθ
The lower and upper bounds of the bias-corrected 1 − α confidence interval are
, respectively, where Φ denotes the cdf, Φ −1 is the quantile function, and zα is theα-quantile of the standard normal distribution. 15 Comparing the results in Table 6 with those in Table 4 , I find that in all instances, the corrections are rather benign. The similarity of the the bias-corrected estimates and confidence intervals to the uncorrected counterparts offers a sign of robustness.
[insert Table 6 about here] A second robustness check investigates the effect of varying the disaster threshold q.
Panel A of Table 7 uses q=0.095, and Panel B reports the results for q=0.195. These values are chosen in accordance with Barro and Jin (2011) and feature prominently in rare disaster literature. The results in Table 7 convey that the choice of q barely affects the parameter estimates; this finding may seem surprising at first, but it is a consequence of the multi-period character of the disasters. The effects of different choices of q enter the data simulation procedure through the ACH-PL estimatesθ ACH and θ + P L , θ P L , obtained from quarterly (contraction) data that have been computed from annual (disaster) periods. Because θ + P L and θ P L contain information about the 15 According to this notation, the uncorrected confidence bounds in Table 4 are computed as
distribution of quarterly contractions, they could vary strongly with q only if the distribution of the annual contraction sizes of disasters detected with a threshold of 0.095 were pronouncedly different from that of disasters that had been detected with q=0.195. This was not the case.
[insert Table 7 about here] Therefore, the estimation results are robust with respect to alternative data simulation procedures, test assets, and disaster thresholds. The fact that they are also quite unbiased serves as a further recommendation.
Conclusion
Empirical tests of Hansen and Singleton's (1982) (2011)). The main theoretical extensions of the canoncial C-CAPM focus on investor heterogeneity (Constantinides and Duffie (1996) ), habit formation (Campbell and Cochrane (1999) ), and long-run-risks (Bansal and Yaron (2004) ). Although these efforts can claim some empirical success, the problem of implausible and imprecise preference parameter estimates and problematic asset pricing implications of the estimated model (e.g. too low model-implied equity premium, too high risk-free rate) has been mitigated at best. Rietz (1988) has offered another explanation for the model's poor empirical performance: the rare disaster hypothesis, according to which the apparent failure of the C-CAPM is a consequence of the positive path that the U.S. economy took after World War II. However, this path may not be representative of the potentially disastrous future consumption that investors in the 1950s to 1980s had in mind. In the middle of the Cold War, the benign U.S. consumption path was just one among multiple more unfavorable histories.
This study adopts Barro's (2006) specification of a disaster-including consumption process and derives moment restrictions that facilitate the estimation of a disasterincluding C-CAPM by an SMM-type strategy. The approach presented herein takes into account three main drawbacks of previous studies that aim to test the rare disaster hypothesis empirically. First, I allow for multi-period disasters. It has been argued that the success of the rare disaster hypothesis in calibration studies relies on the assumption that the entire disastrous contraction occurs in one period (see Julliard and Ghosh (2012); Constantinides (2008) ). Second, I use Epstein-Zin preferences instead of a power utility to acknowledge preferences for an early resolution of uncertainty. Third, I allow for the possibility of a partial government default.
Accounting for these three issues is crucial for finding empirical support for the RDH.
For an SMM-type estimation, I simulate disaster-including consumption growth and return series by means of a discrete-time marked point process that models the time duration of and between disasters, as well as the magnitude of contractions using a power law distribution. Parameter estimates of the MPP model are obtained through maximum likelihood, using chained country-panel data. Neither the choice of test assets nor the disaster thresholds change the results qualitatively: The magnitude of the estimated preference parameters is economically plausible, and the estimation precision is much higher than in previous C-CAPM studies. The subjective discount factor estimate is about 0.99 in all specifications; the RRA estimates (and 95% confidence bounds) fall within a strict plausibility range, and the IES parameter estimates are significantly greater than unity. The relative magnitude of the estimated IES and RRA indicate a preference for early resolution of uncertainty, which, in conjunction with an IES greater than unity, is an important condition for obtaining meaningful asset pricing implications. Computing the model-implied mean market return, T-bill rate, and market Sharpe ratio reveals that the disaster-including C-CAPM can explain these key financial indicators based on economically meaningful preference parameter estimates.
To the best of my knowledge, the present study is the first research to estimate all the preference parameters of a C-CAPM with Epstein-Zin preferences and multiperiod disasters. It corroborates the notion that the rare disaster hypothesis can provide a solution to the equity premium puzzle, even when disasters do not shrink to one-period events. The nexus between finance and the real economy postulated by the C-CAPM is, after all, empirically not refuted.
A Appendix

A.1 Transformation of annual into quarterly consumption contractions
The ACH-PL model assumes a quarterly observation frequency. To obtain four quarterly contractions from an annual observation, I draw from a standard uniform distribution and determine the fraction of the annual contraction that is assigned to the first quarter. How much of the remaining contraction is allocated to the second quarter is determined by another standard uniform draw. The contraction assigned to the third quarter is determined the same way. The last quarter takes what is left.
This procedure implies that the contraction in the first (last) quarter will be the largest (smallest), on average. To avoid such a seasonal pattern, I re-shuffle the four quarterly contractions randomly. This procedure applies to a year that is not the first or the last of a disaster. When dealing with the first (last) year of a disaster, or if the disaster consists of only one annual contraction, I determine the quarter when the contraction begins (ends) by a draw from a discrete uniform distribution, such that each quarter has a 1/4 probability of becoming the quarter when the disaster begins (ends). The annual contraction is then distributed across the disaster quarters in a way analogous to the method used for a "within" disaster year.
A.2 Bootstrap inference
Bootstrap inference for the second-step preference parameter estimates is based on a mix of parametric and non-parametric bootstraps. Using the first-step maximum likelihood estimatesθ ACH ,θ P L , andθ + P L , I simulate a series of hazard rates, consumption contractions, and disaster indicators d s and d + s as described in Section 4.2. The length of the simulated series is equal to the number of observations in the concatenated country data. Next, θ ACH and θ P L are re-estimated on the simulated series. These steps are repeated K times, and the estimates are collected in {θ
. Because I draw from the parametric ACH-PL distribution using the maximum likelihood estimates, this procedure can be characterized as a parametric bootstrap. It complements the asymptotic inference that is available for the first estimation step, but it is also crucial input for inference about the second-step SMM estimates of the preference parameters.
For each of the K replications, I perform a block-bootstrap to obtain series of non-disastrous consumption growth {cg
, market and T-bill returns {R
, and test asset returns {R Draws from the series are exerted simultaneously to retain their contemporaneous dependence (see Maio and Santa-Clara (2012) for a similar approach).
To compute the simulated moments for each replication, I proceed as described in Section 4.2 and generate disaster-including data of length T , {cg
. For that purpose, I use the parametric bootstrap esti-
P L obtained from the maximum likelihood estimation on the simulated data (instead of the original data). The block-bootstrap from nondisastrous data that is required to compute the simulated moments is performed on {cg
, and {R
(instead of the original data). Then the SMM-type estimation of the preference parameters β, γ, and ψ proceeds as described in Section 2.1. Performing these steps for each of the K replications yields
, for which standard deviations and confidence intervals using the percentile method can be computed. Barro and Ursúa (2008) are available (beginning with 1800 onwards). st , 2 nd , and so on refer to the deciles of the the ten size-sorted portfolios. The ten industry portfolios in Panel C are: non-durables (NoDur : food, textiles, tobacco, apparel, leather, toys), durables (Durbl : cars, TVs, furniture, household appliances), manufacturing (Manuf : machinery, trucks, planes, chemicals, paper, office furniture), energy (Engry: oil, gas, coal extraction and products), business equipment (HiTec: computers, software, and electronic equipment), telecommunication (Telcm: telephone and television transmission), shops (Shops: wholesale, retail, laundries, and repair shops), health (Hlth: healthcare, medical equipment, and drugs), utilities (Utils), and others (Other : transportation, entertainment, finance, and hotels). The column labeled ac gives the first-order autocorrelation, and std is the standard deviation. This table reports the ACH-PL maximum likelihood estimates. Here, L is the log-likelihood value at the maximum; AIC = 2k − 2 ln(L) and SBC = −2 ln L + k ln(T ), where k is the number of ACH model parameters, denote the Akaike and Schwarz-Bayes information criteria, respectively. Furthermore, LR gives the p-values (in percent) of the likelihood ratio tests of the null hypothesis that the parameter restrictions implied by the ACH 0 specification are correct. The respective alternative is the ACH 1 , the ACH 2 , the ACH 3 , or the ACH 4 model. The estimation results are based on the updated country panel data originally assembled by Barro and Ursúa (2008) , using the concatenated event data representation described in Section 3 and q = 0.145. Asymptotic standard errors are reported in parentheses. This table reports the estimates of the subjective discount factor β, the coefficient of relative risk aversion γ, and the IES ψ using the moment matches in Equation (4.17), T =10 7 , and the weighting matrix in Equation (4.19). The second-step SMM-type estimates are based on the first-step ACH 4 -PL and ACH 0 -PL estimates, reported in Table 3 . The numbers in parentheses are bootstrap standard errors. The numbers in brackets are the upper and lower bounds of the 95% confidence intervals computed as the α=0.025 and α=0.975 quantiles of the bootstrap distribution (percentile method). The table also reports the p-values (in percent) of Hansen's (1982) J-statistic (see Equation (5.1)) and root mean squared errors (R), computed according to Equation (5.2). Panels A-C break down the results by the copula correlation assumed in the data simulation procedure. Each panel reports the results by the set of test assets, namely, the excess returns of mkt, size dec, and industry, each augmented by the T-bill return. The table presents estimates of the mean T-bill return, mean market return, equity premium, and market Sharpe ratio implied by the disaster-including C-CAPM and computed according to Equations (5.3)-(5.5). The computation uses the SMM-type estimates of β, γ, and ψ based on the ACH 0 first-step estimates (see Table 4 ). The numbers in brackets are the lower and upper bounds of the 95% confidence intervals computed using the percentile method. Panels A-C break down the results by the copula correlation coefficient used in the data simulation procedure, and each panel reports the results by the set of test assets. The column labeled data reports the values of the indicators in the empirical data, 1947:Q2-2014:Q4. This table presents bias-corrected estimates (bold) and 95% confidence bounds (in brackets) of the subjective discount factor β, the coefficient of relative risk aversion γ, and the IES ψ. The bias correction of the point estimates and confidence bounds in Table 4 follows the method proposed by Efron and Tibshirani (1986) . 
Tables and Figures
θ + P L θ P L µμ αα δδ L AIC
